This work aimed to evaluate the capability of modelled vs in situ soil moisture observations in the northwest of Spain for a period of four years (2010)(2011)(2012)(2013) in order to validate the SMOS L2 product. Comparisons were performed for a set of representative stations of the Soil Moisture Measurement Stations network of the University of Salamanca (REMEDHUS) at both point and area scales. The SMOS series showed good correlation with the modelled series, better than that obtained with the in situ observations (0.77 vs 0.68 average correlation coefficients). However, some underestimation or overestimation of the SMOS series, related to the soil characteristics, was observed with respect to both the in situ and the modelled series. The SMOS data normalization produced a notable improvement in the results, highlighting the capability of the modelled data to validate the SMOS soil moisture series. This research provides a solid foundation for the future validation of SMOS at large scales, overcoming the spatial representativeness issues arising from the use of in situ point measurements.
Introduction
Soil moisture controls a variety of hydro-meteorological and environmental processes. Knowledge of soil moisture during long periods over large areas helps to improve the forecasting of precipitation, droughts and floods as well as climate projections and predictions. Information pertaining to the spatial and temporal variability of soil moisture is key in supporting decisions on the management of water resources and helps to improve parameterizations for agricultural, hydrological and meteorological modelling processes.
Important issues in the understanding of soil moisture behaviour are related to the spatial scale and the spatialtemporal variability of soil moisture, which is controlled by a large set of interrelated factors such as climate, topography, soil properties, land use and vegetation (Vinnikov et al. 1996) .
The main approaches to studying surface soil moisture use ground-based observations, remote sensing (frequently used in large-scale studies) and modelling. Despite significant efforts throughout the world to establish a large number of networks, from the local to the regional scale (Dorigo et al. 2011) , spatial and temporal coverage and density are frequently not adequate to represent the spatial distribution of soil moisture over large areas and long periods (Crow et al. 2012 , Wanders et al. 2012 , Gruber et al. 2013 , Ochsner et al. 2013 . Despite these limitations, ground-based measurements are necessary for studying the spatial and temporal dynamics of soil moisture and also for the calibration and validation of modelled and satellite data (i.e. Martínez-Fernández and Ceballos 2005 , De Rosnay et al. 2006 , Robinson et al. 2008 , Albergel et al. 2012 , Tavakoli and De Smedt 2013 , Vereecken et al. 2013 , Brocca et al. 2014 , Chen et al. 2014 .
Remote-sensing techniques are considered a potential alternative for the monitoring of surface soil moisture in large-scale applications (Schmugge et al. 2002 , Moran et al. 2004 , Wigneron et al. 2004 , Wagner et al. 2007 ). In particular, remote-sensing systems operating at low microwave frequencies have proven to be useful for the accurate estimation of surface soil moisture because they are less affected by atmospheric conditions and their penetration depth in soil and vegetation is larger than those operating at higher microwave frequencies (Wigneron et al. 2007) .
Of the L-band microwave missions, the first satellite focused primarily on the retrieval of soil moisture was the Soil Moisture and Ocean Salinity (SMOS), launched in 2009 (Kerr et al. 2012) . SMOS is a sun-synchronous orbiting satellite that observes the Earth's surface in the L-band frequency (1.41 GHz) and offers global coverage with a spatial resolution of approximately 40 km and a revisit time of about 3 days. The interferometric technology of the Microwave Imaging Radiometer with Aperture Synthesis (MIRAS) on board SMOS includes multi-angular viewing and full-polarimetric capabilities, provides brightness temperature measurements of the soil at different incidence angles, and shows good sensitivity to surface soil moisture variations, with an accuracy target of 0.04 m 3 m −3 (Kerr et al. 2010) . Its capabilities notwithstanding, SMOS has some constraints. One of them is contamination of the L-band by radio-frequency interference (RFI), which has been detected in several areas around the world. In addition, common difficulties in obtaining accurate soil moisture retrievals arise from the presence of dense vegetation, snow cover and some land-surface characteristics (Kerr 2007) .
Another important limitation of SMOS for monitoring soil moisture is related to its coarse spatial resolution and limited depth of observation (about 5 cm). The surface heterogeneity at the spatial resolution of SMOS and the significant differences in behaviour of different targets within a single footprint, together with the lack of sufficient soil moisture measurements within the area corresponding to the footprint, are currently considered the main issues that could cause bias and uncertainty in the soil moisture products (Loew 2008 , Kerr et al. 2010 , Collow et al. 2012 , Dall'amico et al. 2012 , Schlenz et al. 2012 , Sánchez et al. 2012a , Gruber et al. 2013 .
Despite these limitations, at present, the spatial-temporal coverage of SMOS could be very useful for large-scale hydrological applications (Wanders et al. 2014) . However, it is necessary to provide a good estimate of the uncertainty of the remotely sensed soil moisture products (Wanders et al. 2012) , and the validation of coarse-resolution SMOS data in different environmental conditions is a difficult task.
Several studies have had successful results using in situ data for SMOS validation (Albergel et al. 2012 , Jackson et al. 2012 , Sánchez et al. 2012a , Ford et al. 2014 . However, some of them did not take into account the differences between the spatial resolutions of in situ and remote-sensing observations (Crow et al. 2012) . In these studies, it was often assumed that in situ observations of soil moisture provide representative values at the footprint scale, but this is not always true (Crow et al. 2012 , Wanders et al. 2012 . Therefore, several evaluation techniques have been developed to overcome this problem (Crow and Zhan 2007 , Scipal et al. 2008 , Crow et al. 2010 , Dorigo et al. 2010 , Crow et al. 2012 . Some of these caveats may be overcome by the new satellite mission from the National Aeronautics and Space Administration (NASA): Soil Moisture Active Passive (SMAP), operative since January 2015. SMAP will provide global soil moisture data with improved spatial resolution owing to its concurrent measurements from an L-band radiometer and an L-band radar operating as a single observation system.
The use of unsaturated zone models has been considered by several authors to evaluate the uncertainty of the remotesensing products by matching the spatial scales of the models and the remotely sensed soil moisture products (Wagner et al. 2007 , Rüdiger et al. 2009 , Juglea et al. 2010 , Brocca et al. 2011 , Dall'amico et al. 2012 , Rötzer et al. 2012 , Wanders et al. 2012 , Lacava et al. 2012a , Al-Yaari et al. 2014 . The use of these hydrological models represents a potential advantage because of their capability to represent spatial-temporal variations in meteorological forcing, soil parameters and unsaturated zone processes (Finke et al. 1996 , De Lannoy et al. 2006 . In these studies, soil moisture modelling provides long-term estimations useful in evaluating satellite spatialtemporal soil moisture dynamics.
The results of SMOS validation with modelled data have shown different degrees of success. Wanders et al. (2012) successfully used a distributed unsaturated model as an effective tool to validate the SMOS product over Spain, but Dall'amico et al. (2012) found some issues linked not only to uncertainties in the SMOS L2 product but also to the inaccuracy of the meteorological input data used in the model. Brocca et al. (2010 Brocca et al. ( , 2011 and Lacava et al. (2012a Lacava et al. ( , 2012b ) highlighted the benefit of using a soil water balance model (Soil Water Balance Model Green-Ampt, SWBM-GA, Brocca et al. 2008) to validate soil moisture from active and passive microwave remote sensors (ASCAT, AMSR-E and SMOS) in different parts of Europe. The integration of in situ measurements and model data improves the assessment of the accuracy of the SMOS soil moisture product because it reduces the impact of ground data uncertainties as well as forcing data and model parameters (Lacava et al. 2012a) .
One important issue in the validation of SMOS soil moisture using modelled and in situ data is that each data source has different characteristics and is affected by uncertainties related to their different spatial scales and the limitations of each technique , Brocca et al. 2013b . For example, systematic differences can arise from (i) differences in the processes, soil and vegetation parameters involved in each model or retrieval algorithm; (ii) differences in the spatial support, in the temporal scale, and in the observation layer depth of each estimate; and (iii) the intrinsic errors of each estimation method. These systematic differences should be reduced because they hinder the achievement of good agreement between datasets, even though their temporal dynamics are very similar (Reichle and Koster 2004 , Loew and Schlenz 2011 , Brocca et al. 2013b ). To accomplish this task, several normalization techniques, such as linear regression correction (Jackson et al. 2010 , Brocca et al. 2011 ) and cumulative density function (CDF) matching (Reichle and Koster 2004 , Drusch et al. 2005 , Lacava et al. 2012a , have been developed.
These studies confirmed that comparisons of the information from in situ soil moisture networks, hydrological modelling and satellite soil moisture retrieval could improve soil moisture monitoring at large scales and agreed on the need for future research with new improved satellite soil moisture retrievals.
The focus of this work is to assess the use of modelled data in addition to in situ soil moisture measurement data to validate the SMOS L2 soil moisture product (L2 version 5.51). For this purpose, a set of representative stations of the REMEDHUS network was selected, and the results of the SMOS validations obtained from both modelled and in situ data compared over a long time period (from January 2010 to December 2013) in the central part of the Duero basin (Spain). Moreover, the effects of soil characteristics and land use are evaluated at the point scale. The last goal was to test the application of the model with area-averaged data, with the aim of minimizing the effects of scale differences between in situ and satellite data. Normalization techniques are applied for reducing the systematic differences observed in the comparison between datasets.
It is noteworthy that the long period of study (4 years) presents an opportunity to evaluate with confidence the SMOS and modelled datasets in simulating the intra-and inter-annual variability of soil moisture under meteorological conditions representative of the Mediterranean semi-arid climate of this region.
Materials and methods

Datasets
REMEDHUS dataset
The study area (Fig. 1) is located in the central part of the Duero basin, in northwest Spain, with a surface area of approximately 1300 km 2 (41.1-41.5°N, 5.1-5.7°W). In this region, the climate is continental semi-arid Mediterranean, and the topography is nearly flat with gentle slopes (<10%). The main land use is agricultural, with rainfed cereals and smaller areas of irrigated crops, vineyards, forest and pasture (Sánchez et al. 2012a) . Most of the soils are sandy in the top layer and have low organic matter content (Ceballos et al. 2002, Martínez-Fernández and Ceballos 2003) .
The REMEDHUS network includes a set of automatic soil moisture stations equipped with capacitance probes (Hydra, Stevens® Water Monitoring System, Inc.) providing continuous hourly soil moisture measurements for the first 5 cm of the topsoil, and four automatic weather stations measuring the main climatic variables every 10 minutes (Fig. 1) . The network provides an intensive and continuous long-term soil moisture dataset and has been used to calibrate and validate different multiscale sources such as hydrological models and remote-sensing data from different satellites, providing good results (Ceballos et al. 2005b , Sánchez et al. 2010 , Brocca et al. 2011 , Wanders et al. 2012 , Sánchez-Ruiz et al. 2014 , González-Zamora et al. 2015 . Noteworthy characteristics of the REMEDHUS network area for the validation of remote-sensing datasets are its homogeneous vegetation cover and gentle and uniform topography (Sánchez et al. 2012a) . The network stations were distributed according to topographic, lithological, edaphic, geomorphological and land-use criteria (Ceballos et al. 2005a) .
Selection of the stations was based on knowledge from previous studies (Ceballos et al. 2002 , 2005a , Martínez-Fernández and Ceballos 2005 , Martínez-Fernández et al. 2007 ) that considered soil properties (texture and organic matter) and land use as the most useful characteristics to explain the spatial-temporal variability of soil moisture and taking into account the spatial homogeneity of other characteristics in the study area (climate and topography). The REMEDHUS stations were grouped on the basis of texture class and organic matter content, and for each resulting group a few stations were selected as a function of land use and the quality of the soil moisture data series in the study period. This classification showed a consistent relationship between the in situ soil moisture content and soil characteristics, in accordance with the results of previous studies (Table 1) . Finally, the eight selected stations provided an in situ dataset from January 2008 to December 2013 (Table 1 ). The highest soil water content was found in the clayey soils (H9 station) located at the valley bottom in a forest-pasture area. At this station, the water table is shallow in winter and spring, and occasional flooding occurs. The water contribution of the river leads to a high variability of soil moisture between the dry and wet periods, with a temporal coefficient of variation of 49%.
Medium water contents were found for the stations with a sandy clay loam texture (N9, M9 and L7 stations), and in this group the soil moisture content increases as the sand content decreases and the organic matter content increases.
Loamy sand and sandy loam textures and low organic matter usually have low water content (O7 and H13 stations). The lowest soil water content was located in well-drained sandy soils with very low organic matter content (K10 and K4 stations). These soils have the lowest soil water retention capacity. The stations with the highest sand content (K10, K4 and O7) showed the highest coefficients of variation (more than 50%). Note that the classification from high to very low soil moisture content is referred to as the common semi-arid condition of the study area.
SMOS L2 dataset
The remotely sensed soil moisture comes from the SMOS L2 soil moisture product (version 5.51) delivered by ESA, with both ascending and descending satellite passes (6 a.m./ Figure 1 . Location of the REMEDHUS area representing soil moisture stations, weather stations and DGG centres of SMOS L2. 6 p.m.). The processing of the SMOS brightness temperature data and the soil moisture retrieval are fully described in Kerr et al. (2011) .
The main difference between version 5.51 and the previous processor version is a change in the dielectric constant model from the semi-empirical Dobson model to the semi-physical Mironov formulation (Mironov et al. 2009 ), leading to a simpler and more robust mathematical formulation when the soil moisture is close to zero (Kerr et al. 2011) . The first analyses showed that the latter model improves soil moisture estimates, increases the number of better and more successful retrievals over dry warm surfaces, and reduces extreme values of soil moisture (Kerr et al. 2011) . Empirical relations that depend on soil texture are valid for a wider range of soil textures, with a more robust representation of very sandy soils (Kerr et al. 2011) . Moreover, the "average" retrieved soil moisture increases significantly (more than 0.04 m 3 m −3
globally) with the Mironov formulation (Release note of the SMOS level 2 v. 5.51 Soil Moisture data products 2013). The Soil Moisture Level 2 User Data Product (SMUDP2) data were geolocated and projected on the icosahedral Snyder equal area hexagonal discrete global grid (DGG), with a spacing of 15 km between nodes (identified by a Grid_Point_ID). This L2 dataset contains the retrieved geophysical parameters and their associated theoretical uncertainties, expressed in a data quality index (DQX), which is the theoretical retrieval standard deviation, and in a radio-frequency interference (RFI) probability flag. In this work, data with a DQX value above a threshold of 0.06 m 3 m −3 were excluded to ensure the best quality of SMOS retrievals. Moreover, the impact of RFI in the SMOS data is well known. The possible RFI-corrupted data were discarded by filtering the data out using the RFI probability flag from the SMDUP2 v. 5.51 product (ranging from 0, no RFI probability, to 1, expect corrupted data). A threshold of 0.3 was chosen, meaning a probability of RFI < 30%, in line with more recent applications of SMOS data (Bircher et al. 2013) .
The nominal class of the current reference land cover for the retrieval algorithm, ECOCLIMAP 2004 (Masson et al. 2003) , is low vegetation of grass and crops, coinciding with the characteristics of the most widespread land use in the study area.
The selected area (1300 km 2 ) encompasses~16 DGG cells, and for this study each soil moisture value was extracted from the DGG cell closest to each selected station (Fig. 1) . Five DGG cells were used in the analysis (1081400, 1081912, 1081913, 1081914 and 1082425). For convenience, only the four last numbers of the Grid_Point_ID of the DGG are used hereafter. The time series of the ascending and descending orbits were compared separately to explore whether significant differences could be detected.
Methods
Soil water balance model Green-Ampt
The modelled time series were estimated using a parsimonious and lumped soil water balance model (SWBM-GA).
The structure of the model used in this study was developed by Brocca et al. (2008) , and it has been widely tested and applied in different test sites located across Europe, obtaining satisfactory performance (Brocca et al. 2013a (Brocca et al. , 2014 .
The model is schematized as a spatially lumped system that simulates soil moisture temporal evolution for a soil layer, where the following water content balance equation holds:
where t is time, Z is soil layer depth, θ(t) is average soil moisture content (in volumetric units) of the investigated soil layer, θ s is saturated soil moisture content, and f(t), e(t) and g(t) are the infiltration, evapotranspiration and percolation (due to the interflow and/or the deep percolation) rates, respectively. The model employs the Green-Ampt equation for infiltration (Green and Ampt 1911) , a gravity-driven nonlinear relationship for percolation (Famiglietti and Wood 1994) , and the evapotranspiration is a fraction of its potential value according to the degree of saturation of the soil layer, θ e = (θ -θ r ⁄θ s -θ r ), where θ r is the residual soil moisture value. The potential evapotranspiration is computed using Blaney and Criddle's formulation, modified by Doorenbos and Pruitt (1977) . The input data of the model are routinely measured variables (rainfall and air temperature), and only four parameters need to be calibrated: the saturated hydraulic conductivity (K s ), the wetting front soil suction head (ψ b ), the pore-size distribution index (λ), and a correction factor K c for taking into account the empirical nature of the potential evapotranspiration equation. Moreover, the saturated and residual soil moisture contents (θ s , θ r ) are needed.
In this work, the model was applied at an hourly rate using different periods for calibration and validation (January 2008 to December 2009 and January 2010 to December 2013, respectively). Two strategies were applied: point-scale simulations for each selected station using hourly rainfall and air temperature from the closest weather station as inputs (Cañizal and La Granja) and in situ measurements, using a 5 cm depth as a benchmark. In the second method, the areaaveraged simulations used the weather station data average (of all the meteorological stations available in the study area) as input and the averaged in situ data of the selected soil moisture station as the benchmark. Table 2 shows the annual rainfall and the aridity index, AI (UNEP 1997), for the weather stations and for the averaged data. The average AI through the whole calibration period was similar to the validation value (Table 2 ). In the study period, the climatic conditions show that years differ in terms of the amount of rainfall.
Using the input meteorological series, the model parameters (K s , ψ b , λ, K c ) were optimized against in situ observations by minimizing the error over the calibration period. As the parameters K s , ψ b and λ are physically based, their values were limited on the basis of those obtained by Rawls et al. (1982) as a function of the texture classes (Table 3) . K c was limited on the basis of previous studies in the area (Table 3) . The accuracy of the parameter calibration was assessed through the correlation coefficient (R), the index of agreement (d; Willmott 1982) , the root mean square difference (RMSD) and the bias. The parameters θ s and θ r were obtained using the maximum and the minimum observed soil moisture values, respectively, for the whole period (January 2008-December 2013). The layer depth was fixed at 10 cm, considering the representativeness of the soil volume monitored by the in situ probes.
After the calibration phase, the model simulations ran with the input meteorological series and the calibrated parameters from January 2010 to December 2013, and the results were validated against the in situ measurements in the same period. The statistics used to assess the validation were the same as those used in the calibration phase.
Comparison and normalization strategies
The comparisons were conducted both at the point scale (each station vs its collocated grid cell) and area-averaged.
In situ and modelled soil moisture series were obtained, coinciding with the date and time of the SMOS overpasses.
Comparisons at the point scale are essential for evaluating the results under the representative characteristics (soil, land use) related to soil moisture variability. Otherwise, these characteristics are averaged for the areal soil moisture data. Moreover, the application of the model with area-averaged data could reduce the spatial scale difference effect between the in situ and SMOS datasets in the study area.
The systematic bias between the SMOS data with in situ observations and modelled data was removed by normalization techniques consisting of linear regression correction (Jackson et al. 2010 , Brocca et al. 2011 ) and cumulative distribution function (CDF) matching (Drusch et al. 2005 , Lacava et al. 2012a . The first method is based on the application of a regression equation between satellite and in situ/modelled soil moisture time series. In the CDF-matching method, the satellite data are normalized by matching their cumulative distribution function to the cumulative distribution function of in situ/ modelled data. The method of Drusch et al. (2005) was used in this study by ranking the datasets of SMOS and the in situ/ modelled soil moisture, computing the differences between the ranked datasets, and then fitting a fifth-order polynomial to the ranked SMOS soil moisture and the corresponding differences.
The statistics used to evaluate the comparison between SMOS L2 with in situ and modelled datasets were R, RMSD and bias.
Results
Soil water balance model (SWBM-GA)
The long-term continuous soil moisture in situ series allowed for performing a robust calibration (2008) (2009) ) of the SWBM-GA model and determining the accuracy of the model to simulate the intra and inter-annual variability of the in situ soil moisture within a validation period of four years (2010) (2011) (2012) (2013) . For the calibration period, the modelled and observed time series showed a good fit at the point scale and using area-averaged data. The results showed R and d values above 0.84 and 0.91, respectively, with low bias for all the stations (Table 4) , except for that of the H9 station. Overall, the results of the validation show that the soil moisture simulated by SWBM-GA was in good agreement with the observed soil moisture in the study area, obtaining a high index of agreement (d ≥ 0.80), high correlation coefficient (R ≥ 0.86, except for K10 and K4), low RMSD (≤ 0.05, with the exception of H9) and very low bias (<0.03 for all stations). In particular, it highlights the good model performance using the area-averaged meteorological data, which could be considered a successful way to upscale the data (Table 4) . These results are similar to those obtained by other authors who applied the SWBM-GA model (Brocca et al. 2010 , 2013a , Lacava et al. 2012a ) and those obtained in the REMEDHUS network with other models (i.e. SWAP, Wanders et al. 2012) . Specifically, by applying the SWBM-GA model at the K10 station of REMEDHUS, Brocca et al. (2014) obtained, for a period of 1 year, R and RMSD values of approximately 0.83 and 0.024 m 3 m −3 , respectively, similar to the 0.73 and 0.03 m 3 m −3 found in this work for a longer period. These good results in the REMEDHUS network have been attributed to the high quality of the hydrometeorological data and the capability of the model to reproduce the different processes involved in the soil water balance (Brocca et al. 2014) .
The simulation series captured the inter-and intra-annual variability of the soil moisture, both at the selected stations and especially in the area-averaged pattern, through the seasons and most of the peaks and troughs of the soil moisture pattern, regardless of whether it was a dry (2011 and 2012) or wet (2010 and 2013) year ( Fig. 2 and Table 2 ).
Only for the locations with some peculiar characteristics (K10, K4 and H9) was the model performance less satisfactory. One particular case is related to the capability of the model to simulate the soil moisture under conditions of very low water content and a narrow dynamic range (Fig. 3) , linked to the well-drained sandy soils and limited rainfall in this area, which led to slightly smaller correlation coefficient values (R = 0.73 for both K10 and K4). This situation represented a tougher test for the model and was also detected by Brocca et al. (2014) in a different simulation period (2007 and 2009) at the K10 station. Another particular case (H9) was observed in some periods of winter and spring, when the soil moisture content was high (Fig. 3) , coinciding with temporary flood events occurring in a clay soil located in the valley bottom. This situation could be considered unusual in terms of the soil moisture dynamics in the area, taking into account its semi-arid characteristics. In this case, the model showed difficulties in simulating in situ soil moisture observations (Fig. 3 ) and, as a result, the RMSD was the highest in both the calibration and validation periods (Table 4) .
Based on these results, the SWBM-GA model seems suitable for the study area to simulate the dynamics of soil moisture at the representative stations and the area-averaged soil moisture, which is of especial interest in SMOS validation.
Comparison of the SMOS L2 series with in situ observations
The dynamics of soil moisture of both the ascending and the descending SMOS L2 series were similar throughout the study period for the DGG cells associated with the different soil moisture stations (Fig. 4) . Nevertheless, the results of the validation (Table 5) showed a slightly better performance for the ascending SMOS L2 series than the descending series, with an improvement in R ranging between 0.01 and 0.10 for all cases (Table 5) . Similar behaviour was also observed in other studies (Piles et al. 2011 , Lacava et al. 2012a , Leroux et al. 2013 and was ascribed to several reasons, including the non-hydraulic equilibrium of the soil moisture at 6:00 p.m. local solar time, corresponding with the descending orbits, and more stability in the temperature during the ascending orbits (6:00 a.m.).
In the winter of 2010, some unexpected peaks were observed for the descending time series of the 1912 , 1913 , 1914 and 2425 (Fig. 4) which, despite efforts to filter the data, could be attributed to the RFI detected in the Spain area during the first weeks of 2010 (Sánchez et al. 2012a) . In addition, some data were lost before the beginning of the routine operations phase in May 2010.
Notwithstanding its inherent limitations, mainly linked to the coarse spatial resolution, the results of the validation of SMOS L2 with in situ data were satisfactory in terms of R and acceptable in terms of RMSD and bias, with the exception of H9, which had higher values (Table 5) . These results are generally better in terms of R than those obtained in previous validations of L2 data in REMEDHUS for a shorter validation period and with a previous version of SMOS (Albergel et al. 2012 , Sánchez et al. 2012a .
For all the locations, the SMOS L2 series were able to reproduce the general pattern of the observed soil moisture dynamics over the study period (Fig. 5) . However, a fairly constant underestimation from the SMOS dataset of in situ observations was observed in the ascending and descending SMOS series, regardless of whether it was a dry or wet period and in cases of stations with both medium soil moisture content in sandy clay loam soils (L7, M9 and N9) and high soil moisture content in silty clay loam soil (H9). In these cases, the highest values of the RMSD and a dry bias were observed. The underestimation was also observed in other studies of SMOS validation (Al Bitar et al. 2011 , Collow et al. 2012 , Dall'amico et al. 2012 , Dente et al. 2012 , Lacava et al. 2012a ). In the case of Sánchez et al. (2012a) , the underestimation in the REMEDHUS area was fairly constant during the entire period of study, except for some rain events during which SMOS seemed to be more reactive than the in situ data.
The underestimation of the in situ values by SMOS L2 and the high values of the RMSD and bias could be related to the very dissimilar spatial scales between the SMOS L2 DGG cells and the in situ observations. Another reason could be the particular conditions of the soils studied, such as an unusual soil moisture content and/or soil texture. In the H9 case, the nominal class at the REMEDHUS DGGs (low vegetation of grass and crops) mismatched the land cover of this site, which is located in a valley bottom within a forested area. In addition, the specific characteristics of this soil (silty and clayey soil and high soil moisture content due to the saturation of the soil in the winter and spring) do not represent the averaged cell area of SMOS (Fig. 5) . For this station, the RMSD and bias were high (Table 5) , as found by Sánchez et al. (2012a) .
At the L7, M9 and N9 stations, whose land cover corresponds to the nominal class used in the SMOS retrieval algorithms, the RMSD values were significantly smaller compared to those at the H9 station (Table 5) . Nevertheless, the underestimation persisted throughout the whole study period (Fig. 5) .
As expected, the underestimation was smaller at sites with low soil moisture content located in loamy sand and sandy loam soils (O7 and H13, Table 1 , respectively (Table 5 ). ). All the correlations are significant at a 95% confidence level. In contrast to the rest of the stations, at K10 and K4, an overestimation of the in situ soil moisture appeared during the whole period, especially during rainfall periods with less significance in the summer (Fig. 5) , which led to a negative bias and an RMSD between 0.07 and 0.09 m 3 m −3 . The overestimation is more relevant in sandy soils and semi-arid meteorological conditions because the radiometer could measure a wetter and shallower layer than the depth of the in situ measurements during or shortly after a rainfall (Jackson et al. 2012 , Wanders et al. 2012 . However, after the rainfall event the soil moisture of the surface layer will equilibrate and become more uniform, so it does not appear to be the single reason for the overestimation of SMOS at the K10 and K4 stations.
The main reason for the overestimation is probably related to the very low soil moisture content of very well drained sandy soils (approximately 90% sand) at K4 and K10 (Table 1 ). This particular condition might not be representative of the DGG cell of SMOS. Indeed, it could be noted that, as K10, L7, M9 and N9 are in the same SMOS DGG cell (1913), the soil moisture content at the stations with sandy clay loam soils (L7, M9 and N9) was underestimated, whereas with sandy soil (K10), it was overestimated. Therefore, another analysis was performed, comparing the SMOS data with the average of the soil moisture stations within the DGG cell area. It was determined that the SMOS series were more correlated with the averaged soil moisture than with the soil moisture of each station separately (Table 5) , and the RMSD and bias were smaller than for the series of individual stations. In this vein, the comparison between the averaged series showed the highest correlation, in accordance with the averaged nature of the SMOS data (Table 5 and Fig. 6 ). Again, in this new comparison, the SMOS averaged series showed an underestimation of the averaged in situ series (Fig. 6) .
After the application of normalization techniques, the SMOS L2 time series (SMOS REG and SMOS CDF ) reproduced the soil moisture temporal pattern more accurately (Fig. 7) , reducing the bias to negligible values. Moreover, as expected, the normalization of the SMOS L2 data introduced an appreciable reduction of the soil moisture underestimation, especially in the locations associated with high and intermediate soil moisture content and with respect to the averaged soil moisture observations (Fig. 7) , and also of the soil moisture overestimation of the stations with very low soil moisture content (Fig. 7) .
In all cases, the reduction of the RMSD was slightly higher when applying the normalization using linear regression than when applying CDF matching (Table 5) . However, the linear regression technique reduced the variability of the SMOS series in the summer periods.
Comparison of the SMOS L2 and SWBM-GA data
Similarly to the comparison in the previous section, both the SMOS L2 and the normalized SMOS L2 time series (SMOS REG and SMOS CDF ) were compared with those obtained by the SWBM-GA model in the period January 2010-December 2013 (Table 6 ). The SMOS L2 and modelled series showed high similarity in the temporal pattern (Fig. 8) , with correlation coefficients between 0.72 and 0.83 (Table 6) . Moreover, the RMSD and bias (in absolute value) ranged between 0.04 and 0.12 m 3 m −3 and between 0.01 and 0.11 m 3 m −3 , respectively, with the exceptions of the L7 and H9 stations with higher values (Table 6) . No distinct performance in terms of the R, RMSD and bias series was observed between the ascending and descending overpasses.
As in the SMOS L2 validation with in situ observations, a similar underestimation with respect to the modelled soil moisture was observed for the stations with relatively high and intermediate soil moisture contents (Fig. 8) , with values of RMSD between 0.08 and 0.14 m 3 m −3 and a dry bias between 0.07 and 0.13 m 3 m −3 and higher values for the H9 station, probably due to their specific environmental conditions (Table 6 ).
The underestimation had low relevance in the case of the stations with relatively low soil moisture content in loamy sand and sandy loam soils (O7 and H13). Nevertheless, for these cases, the SMOS L2 time series adequately represented the temporal variability of the soil moisture for the modelled data (Fig. 8) , and showed very satisfactory values of R and RMSD in both the ascending and the descending series, with a negligible bias (Table 6) .
For the soil moisture stations in sandy soils with very low soil moisture content (K4 and K10), the overestimation of SMOS with respect to the modelled data occurred once again (Fig. 8) . Despite this fact, their respective correlation coefficients were the highest (Table 6) , probably due to the high sensitivity of both the model and SMOS to rainfall events, particularly in sandy soils with a low waterretention capacity, where the evolution of the soil moisture is closely dependent on the rainfall events (Ceballos et al. 2002) .
When the comparison was carried out between the 1913 DGG and the averaged modelled soil moisture within the DGG cell, the improvement of the correlation with respect to the analysis at each individual station was not so clear as that with the in situ series (Tables 5 and 6 ). This could be because the modelled soil moisture represents an area closer to the spatial resolution of that of the DGG cell. However, when a comparison was carried out between the averaged series, a clear improvement in the results in terms of the correlation, RMSD and bias, as well as a reduction of the underestimation, was achieved (Table 6 and Fig. 9 ).
The SMOS REG and SMOS CDF series exhibited good agreement with the modelled series, reducing the effects of the underestimation for H9, L7, M9 and N9, and with respect to the averaged modelled series and the overestimation for K10 and K4 (Fig. 10) .
Discussion
The results of the validation of both SMOS and SWBM-GA were related to the soil texture and soil moisture content. This issue is especially important in understanding the behaviour of the different datasets in relation to the spatial-temporal variability of the soil moisture in the study area. In the case of SMOS validation, the best fit and results in terms of R and RMSD were found for the stations with low soil moisture content (loamy sand and sandy loam textures). However, some underestimation was detected for the locations with medium soil moisture content (sandy clay loam texture), with an RMSD between 0.10 and 0.13 m 3 m −3 and a dry bias between 0.08 and 0.11 m 3 m −3
. Moreover, the model showed a very good fit (d ≥ 0.91, R ≥ 0.88 and RMSD ≤ 0.05) with the in situ data at the stations with soil moisture content in the low to medium range (loamy sand to sandy clay loam soils). Table 6 . Validation results of ascending (A) and descending (D) SMOS L2 series and the corresponding normalized SMOS series by linear regression (SMOS REG ) and by CDF matching (SMOS CDF ) vs modelled series and vs the averaged modelled series within the 1913 DGG cell, and validation results of averaged SMOS series vs modelled series using averaged data. N obs: number of observations; R: correlation coefficient; RMSD: root mean square difference and bias, in volumetric units (m 3 m
−3
). All the correlations are significant at a 95% confidence level. Under particular conditions, both SWBM-GA and SMOS showed difficulties in depicting in situ data (i.e. highest RMSD and underestimation of in situ data), as in the case of H9, but in different manners. For SMOS, the caveat could be related to the mismatch between the theoretical land cover used in the retrieval for this cell and the actual land cover of the site, which could lead to different behaviour of the soil moisture. The SMOS L2 algorithm could not capture the nonrepresentative specific conditions of one particular location of the DGG. However, for the model, it could be related to the temporary flooding of the soil at the valley bottom in the winter and spring, which the model could not simulate. ) that were not found in the modelled data (RMSD of 0.02 and 0.03 m 3 m −3, respectively). However, in the model output, the effect is emphasized in terms of R, probably due to difficulties in the model simulating the soil moisture in soils with very low content and high variability in a narrow dynamic range of soil moisture.
The validation of the SMOS L2 with the modelled time series generally showed a better correlation than that with the in situ observations. This improvement is probably due to the model's reliance on precipitation and air temperature as input data. These factors can be considered representative of larger areas, closer to the spatial resolution of SMOS L2 data. Moreover, when the simulation was performed with averaged meteorological data, the best results in terms of the correlation, as well as acceptable values of RMSD and bias, were obtained. These results are in agreement with other applications of the SWBM-GA model in SMOS validation (Lacava et al. 2012a) , in which the model was forced with meteorological data representative of 15 km 2 . It was observed that the agreement was better when modelled data were used rather than in situ measurements. Thus, the application of the model reduces the spatial mismatch between the ground and satellite data. Along this line, a range of existing soil moisture upscaling strategies, including modelling, are being developed for reducing the impact of the spatial sampling error on satellite soil moisture validation activities (Crow et al. 2012) .
For comparisons at the point scale, in both validations (SMOS vs model and SMOS vs in situ), the best agreement was observed for the locations with low soil moisture content, i.e. loamy sand and sandy loam soils. For these sites, SMOS was able to suitably reproduce the soil moisture content and the temporal variations of both the in situ and modelled soil moisture.
The relationships between SMOS accuracy and specific environmental conditions were analysed in previous research. Jackson et al. (2012) highlighted that the overestimation effect associated with rainfall events was more significant for a semi-arid watershed with well-drained sandy soils because it is more likely when the soil is initially dry and the precipitation event is of short duration and high intensity. Moreover, in Bircher et al. (2013) , SMOS L2 data and in situ measurements seemed to be better correlated with a group of stations within sandy soils in the summer period because they were more representative of the overall conditions of the study area. Wanders et al. (2012) highlighted that there are several factors, such as vegetation, soil moisture dynamics, average soil moisture content and the actual soil moisture content, that could cause adverse effects on the satellite accuracy in estimating soil moisture. In particular, SMOS performed worse in highly dynamic soil moisture regimes because of its higher signal to noise ratio compared to other sensors such as AMSR-E and ASCAT, showing an increase in the satellite standard error.
Conclusions
In this study, datasets from different sources were compared at the point scale at representative stations and on the areaaveraged scale to assess the ability of the SWBM-GA model to validate the SMOS L2 version 5.51 soil moisture product.
The modelled SWBM-GA soil moisture provided satisfactory results compared to the in situ observations. Moreover, the modelled series accurately simulated the general trend of the soil moisture annual cycles and captured the soil moisture temporal pattern at short temporal scales under different soil properties and land uses of the study area. Based on the results, the SWBM-GA can be used with confidence in validation activities.
The dynamics of soil moisture throughout the study period were also correctly represented by the SMOS L2 series for most of the analysed stations. The SMOS L2 series had a good correlation with the modelled time series, better than that obtained by validation with in situ observations. However, some critical issues were observed in the comparison of SMOS with both the in situ observations and the modelled series, arising from the specific environmental characteristics of the sites and the different spatial scales among datasets, which resulted in underestimation of the soil moisture through the whole period and overestimation linked to rainfall events.
The application of normalization techniques to the SMOS L2 data produced, as expected, a remarkable improvement in the agreement with in situ and modelled observations. The results obtained by comparison between the SMOS normalized and modelled series equal (or even improve upon) the expected accuracy of the SMOS mission.
The model was considered fully accurate to simulate soil moisture and validate the SMOS L2 v. 5.51 product under different characteristics related to soil moisture during a long and climatically contrasting period.
To overcome the spatial representativeness problems arising from the use of different dataset sources (in situ, remote sensing and modelling), the results shown here appear to provide a solid foundation for future spatially distributed applications of the SWBM-GA model with the purpose of SMOS validation in large-scale studies. The validation of the satellite soil moisture with modelled data could allow reliable soil moisture maps to be obtained over large areas with good temporal coverage in a wide range of environmental conditions, which is especially important in the dominant agricultural areas of the central plateau of the Duero basin.
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